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ABSTRACT 

DCM is a connectivity analysis technique applied to study the neural networks in human 

brain. This thesis demonstrates the basic understanding of DCM mathematics, 

Applications and fMRI dataset conclusion based on DCM 
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CHAPTER I 

INTRODUCTION AND BACKGROUND 

 
The goal of this thesis research was to conduct an analysis of fMRI brain maps from a 

population of Math-gifted children using an effective connectivity method called Dynamic 

Causal Modeling (DCM). fMRI data were acquired from a group of eight MG children and 

eight controls. The idea behind this research was to analyze and understand the 

functional brain networks when a MG child performs mental rotation task. All sixteen 

participants performed a mental rotation task in an MRI scanner while functional brain 

images were acquired. Hypothesis driven models were designed across all the 

participants to see the interaction of brain regions, direction of information flow and 

modulatory effect of the task on specific connection. These models were compared 

statistically to determine the most appropriate model for describing the effects of mental 

rotation on neural connections within each population group in the study.  

 

NeuroImaging, Activation and Connectivity: 

Modern brain imaging techniques are applied to understand activation patterns and 

networks in the human brain. Brain images are acquired on PET, EEG, fMRI and MEG 

to study the underlying neuronal mechanisms. fMRI has been used to study the brain 

function for cognition, impairment, and decision making. fMRI is a method for detecting 

the localized changes in blood flow and oxygenation/deoxygenation in the brain due to 

brain activity. Functional neuroimaging provides an understanding of the neural 

mechanisms for psychiatric, cognitive, and neurological disorders. Functional 

neuroimaging studies using functional Magnetic Resonance Imaging (fMRI) can identify 
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neural processes and changes in functional connectivity between different clinical 

populations. 

 

There are three types of connectivity that can be determined from neuroimaging 

techniques 1) Anatomical connectivity 2) Functional connectivity and 3) Effective 

connectivity. Anatomical connectivity is the structure of the physical connections within 

the brain. It includes connections within brain regions, white matter fibers and synaptic 

connections linking neurons. Effective connectivity is direction-based connectivity. It 

denotes the direction of neurons and their connections between brain regions. This also 

helps us to understand the causal influence of one brain region on another [1]. An 

anatomical connectivity can be determined from co variation in cortical thickness, 

diffusion-weighted imaging and fiber tracking methods [3]. Functional connectivity is 

determined by processing signals derived from the BOLD response, coherence and 

correlation. Functional connectivity analysis is useful when we have no variable 

experimental parameters over the paradigm and no a priori model is defined. Functional 

connectivity cannot be used to look into the mechanisms of the neural system (s) of 

interest using functional connectivity. Effective connectivity analysis defines models of 

causal interactions among neuronal populations. It can be used to explain effects on 

regional connectivity pattern. Modeling methods like Structural Equation Modeling 

(SEM), Psycho-Physiological Interactions (PPI), Volterra kernels, Granger Causality and 

Dynamic Causal Modeling (DCM) are used for effective connectivity analysis.   

 

Among these, DCM is powerful model for causal interpretation. DCM is primarily focused 

on investigation of functional integration and alteration of specific cortical networks. fMRI 

cannot directly access the underlying neuronal network-activation during a scan. By 

using DCM and bilinear state equations, a cognitive system can be modeled, and the 
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underlying neuronal mechanism can be detected [6]. The aim of DCM is to estimate 

neuronal level parameters such that the modeled and measured BOLD signals attain the 

highest possible similarity.  

 

Background and Overview- math gifted fMRI patterns 

The main objective of this thesis was to understand how brain regions interact and 

respond when a MG child is performing mental rotation task.  

The reason we used mental rotation task for this research is because it requires higher 

mathematical skills to solve this task. It also activates various brain regions in math 

gifted children which is vital to compare with activation of controls participants. [10] 

showed in their research that math gifted children used enhanced processing of the RH 

for linguistic information. It was also seen in [11] that while finger tapping and reading a 

paragraph loudly, controls showed a drastic decrease in tapping rate for their right 

hand/LH while left-hand/RH tapping showed no effect. It was expected that LH but not 

RH would show activation. It is also seen in [10] for strong capability to switch the brain 

activated regions and strong information exchange between hemispheres in math-gifted. 

[9] proved that MG was faster and more accurate on bilateral trials leading to strong inter 

hemispheric interaction and rapid exchange of information between hemispheres [10]. 

 

The pattern of activity and connections is expected to extensively bilateral in nature, and 

characterized by enhanced networks of regions in the RH (particularly, the frontal and 

parietal lobes). This activation will also supplement enhanced activation of several 

anterior regions, including the inferior frontal gyri (bilaterally) as well as the anterior 

cingulate. The frontal brain region is expected to provoke high-level spatial attention and 

spatial working memory, as well as executioner functions [7]. 
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While fMRI activation maps have been used to highlight differences in math gifted 

children and control subjects, less published information exists on the effective and 

functional connectivity patterns associated with math giftedness during mental rotation. 

Prescott, et.al, applied structural equation modeling based on the hypothesis that math-

gifted children would show enhanced networks of regions in the RH (particularly, the 

frontal and parietal lobes) compared to controls. This activation should supplement 

enhanced activation of several anterior regions, including the inferior frontal gyri 

(bilaterally) as well as the anterior cingulate. The frontal brain region is expected to 

influence high-level spatial attention and spatial working memory, as well as executive 

functions [11]. Based on the application of SEM to the math-gifted mental rotation data 

set, Prescott’s results found that frontal areas of the brain show large amount of 

functional connections [11] 

 

McMahon investigated connectivity using Granger causality, which had a specific 

hypothesis and data driven approach. Her hypothesis driven approach provided 

complementary information to that reported by [11], with some connective paths being 

present in both approaches, while others were present in only one.  The data driven 

approach applied by McMahon illustrated connections in the regions, based on inputs 

from a first order analysis of activated voxels’ time courses within SPM.  One key issue 

with many functional and effective connectivity models is that it is hard to compare them 

to one another and hence to have a synergistic effect of the application of multiple 

models. 

Dynamic Causal Modeling:  

Dynamic causal modeling, or DCM, is unique in that it allows for a number of models to 

be postulated, and a comparison between models to be made using Bayesian statistics, 

in order to determine which model provides the best fit to the data.  
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This thesis focused on observing the pathways of information flow between activated 

regions in math gifted and typical brains during a mental rotation task. Also of interest, 

was effect of the mental rotation task on certain connections and modulation of those 

connections when modeled as a perturbation. An overview of the DCM technique is 

discussed in Chapter-II of this thesis.  

 

Using DCM, three brain networks were analyzed. The specific regions and their 

hypothesized connections are detailed in Chapter-III. Within each network, a number of 

different models of connectivity strength and perturbation was proposed, and DCM was 

used to choose the model that best fits the data. These models illustrate the strength of 

connection, effect of condition, location of region, prediction & response and estimate of 

parameters. The DCM models were applied using the DCM toolbox within the SPM. By 

applying DCM, we are trying to understand the neural connectivity network underlying 

the activated voxels within the brain. Connections between selected model-regions and 

direction of the network within those regions are key aspects of this analysis.     

Chapter-I illustrates the introduction and background of this thesis describing fMRI 

technique, brain connectivity and background of previous study. Chapter-II described 

DCM and Bayesian Model Inference. Chapter-III gives information about description of 

subjects, experimental design and description of analysis. Chapter-IV gives detailed info 

about results and discussion of output.  
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CHAPTER II 

DYNAMIC CAUSAL MODELING 

 
Dynamic Causal Modeling (DCM) models the brain as a deterministic nonlinear dynamic 

system that is subject to inputs and produces outputs. The main goal behind applying 

DCM is to estimate the coupling parameters among unobserved neuronal activity within 

different regions, perturb the system, and finally, measure the response. DCM is 

different than any effective connectivity analysis method. Most of the effective 

connectivity analysis modeling methods employ Structural Equation Modeling (SEM), 

multivariate auto regression models that do not have designed perturbations and have 

inputs that are treated as unknown and stochastic. But DCM accommodates nonlinear 

and dynamic aspects of neuronal interactions and composes the estimation problem in 

the context of a perturbation that exists due to experimentally designed inputs. This 

makes DCM stand out from other conventional effective connectivity analysis methods.  

 

In order to understand DCM, it is important to review system models. A system is 

considered to be a set of physical elements that interact with spatial and temporal 

relationships that can be described by a set of differential equations. The state of a 

system’s parameters is represented by state variables. How these state variables 

change in time is referred to as dynamic system. Causality between two events can be 

described as a second event that is the consequence of the first event. A causal effect 

can be created on the system by two ways; 1) by interacting system elements with each 

other 2) by adding an external input u.  
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Experimental design for DCM: 

The main role of DCM in experimental design is to check the validity of hypothesis driven 

models. In a typical functional imaging experiment, the researcher has some hypothesis 

regarding how the tasks will influence neural activity and/or functional connectivity.  The 

inputs to DCM can produce an output in either/both of two ways; 1) changes in state 

variables directly, and 2) changes in of effective connectivity strengths and interactions.  

 

From the point of view of experimental design in DCM, it is important to be multifactorial 

with at least one factor providing a sensory perturbation and another factor manipulating 

the context in which the sensory evoked responses are passed through the system.  

Hence, it can be challenging to apply DCM to experimentally obtained data after-the-

fact, when the experiment was not designed specifically with DCM in mind.  

The bilinear approximation is the most commonly applied DCM method. This is because 

the bilinear approximation reduces the number of parameters to three inputs controlling 

three things.  

1- Direct/extrinsic influence of inputs on brain states in any brain area [4] 

2- Intrinsic/latent connections that couple responses in one area to the state of 

others [4] 

3- Changes in intrinsic coupling driven by inputs [4] 

 

The reason it is bilinear because an input dependent change in connectivity can be 

interpreted as a second order interaction between an input and neural activity in the 

region where activity is produced while causing a response in the target region. The 

result of this is a bilinear DCM approximations that allows one to assume and claim that 

the perturbation in the experimental design influences an activated network rather than a 

single cortical region.  
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A= state changes 

This represents the change in the neuronal state of specific activated voxels 

B= intrinsic connectivity 

This represents the basic connectivity that exists between activated voxel regions, 

independent of any perturbing inputs 

C= modulation of connectivity 

This represents the modulation of connectivity due to the system inputs 

D= system state variables 

The neuronal responses of the system 

E= matrix defining the relationship between the stimulus and specific voxel neuronal 

region activity 

F= m external inputs or perturbations – this is the stimulus 

 

While the neuronal state of the system is what we wish to model, the hemodynamic 

response is actually measured in an fMRI experiment. Hence, the hemodynamic, or 

BOLD response, y, must be related to the system state variable, z. This is done via 

applying a hemodynamic forward model (λ) as shown in figure 1 below.   

 
 

A 
B

  A 

C

  A 

D

  A 

E

  A 

F

  A 
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Figure-1: hemodynamic forward model 

 

 
To illustrate the concept behind the underlying DCM, the following model can be helpful 

by looking at figure-2 

 

 
 
 
  
            
            
    
 
 

           
            
            
            
            
            
            
             

 
 
Figure-2: illustration of hemodynamic model for given region 
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The above model represents a hypothetical brain region and is used here for 

explanatory purposes only. The model consists of 5 nodes, each of which represents a 

region of interest that has known voxel activation during a task. The stimulus u1 

represents an extrinsic input to the region A5 influences activation in this region such as, 

a visual stimulus to the visual cortex. The stimulus-free perturbations shown by u2 are a 

result of the original input u1. In this case, u1 is transformed by region a4, which is 

sensitive to secondary effects. The response at a4 alters the connection between a1 to 

a2 and a4 to a2. 

 

Connections A3 to A4, A4 to A2, A5 to A4 bidirectional connections between A1-A2 and 

A1-A5 are intrinsic connectivity ‘B’ in bilinear equation. 

The ‘u1’ is external input/perturbation ‘F’ 

The modulation of connectivity ‘C’ is represented by u2. 

The matrix ‘E’ is the model defined above including the connections and modulation 

The ‘D’ is neuronal response of the system, which is the response to the paradigm 

 

DCM and inference: 

The complexity of DCM is because it is not restricted to linear and instantaneous 

systems. A system consisting of DCM requires large quantity of free parameters. This 

makes DCM more biologically reasonable and reliable than other effective connectivity 

methods, but it also makes the model inversion highly dependent on constraints. The 

best and obvious way to utilize these mandatory constraints is by using a Bayesian 

framework. A Bayesian framework inverts the DCM model because it supplies 

conditional estimators and inferences about the connections specified in the model. This 

estimation is expressed in the form of a probability distribution by using means and 
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standard deviations. We can effortlessly compute the posterior probability when a certain 

connection exceeds a specified threshold. The posterior density in Bayesian schemes is 

calculated using likelihood and prior densities. Given some parameters, the likelihood of 

the data is specified using the forward model. The robustness and efficient estimation of 

the model is ensured by offering suitable constraints from prior densities., which also 

harness naturally occurring constraints. The prior constraints are helpful for a user to 

specify the desired connections. The prior constraints are crucial to limit the power of 

inputs which can affect the extrinsic response.  

 

The hemodynamic model consists of biophysical (s, f, v, q) states within each region. 

These biophysical states form the BOLD signal and act as a catalyst for the translation 

of neuronal activity into hemodynamic activity. The Hemodynamic state of each region is 

the function of neuronal state, exclusively. To explain this phenomenon, the detailed flow 

chart of hemodynamic response model in figure-3.  
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Figure-3: hemodynamic model for single region  
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In the flow chart above, neuronal activity (z) is an input while hemodynamic response (y) 

is an output. The neuronal activity stimulates a stimuli-dependent signal (ṡ) that causes 

an increase in flow (ḟ). This flow produces change in volume (v) and 

deoxyhemoglobination (q). These two hemodynamic states cause a non-linear output 

that provides the observed BOLD response (y). The above flow chart is called the 

likelihood model which provides the forward model used in the neuronal bilinear 

equation and the hemodynamic equation.  
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CHAPTER III 

METHODOLOGY 

 
The math gifted adolescent and controls data were obtained from a study by [10]. The 

participants were asked to perform the baseline and mental rotation tasks. The main 

idea behind this data acquisition was to investigate the brain regions involved in math 

gifted versus controls and how they utilize them. This chapter provides the data 

acquisition technique, data analysis and DCM analysis.  

 

Subjects: 

Sixteen participants in total were selected for the study. The math gifted group consisted 

of eight participants and the control group consisted of eight participants. The mean age 

and range of math-gifted participants were 14.2 and 12-16, respectively [10] [11]. The 

participants were selected based on their performance in psychometric school and 

college ability test in Australia [10]. Each group had four left-handed and four right-

handed participants. The MRI machine used was a 3T GE Signa MRI scanner. The 

technical specification of data for echo planar images (EPI) consisted of TR= 3000 ms, 

TE=40 ms, 128x128 matrix, voxel size=1.875x1.875 mm2, slice thickness=4.5 mm, 

slices=22 [10]. There were 132 volumes per scanning session. Following is the list of 

participants. 

Table 1: subject number for math-gifted and controls 
 

Math-gifted Controls 

5 1 

7 3 

10 11 

13 14 

19 17 

23 20 
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24 25 

28 26 

 

Experimental Design: 

The experimental paradigm was standard block design. This type of design means that 

stimuli are presented in blocks of equal time. Eighteen trials of baseline and mental 

rotation tasks were presented in blocks of three baseline tasks followed by three mental 

rotation tasks for six trials each. The trials lasted for 10 sec with interstimulus interval 

(ISI) of one sec. Thirty-six trials was presented for 360 sec total. The total was 396 sec, 

which includes baseline, mental rotation and ISI. The TR for EPI images was 3000 ms, 

and the total number of images acquired was 132 [10]. Before the beginning of the 

experiment, the participants were given one practice trial of baseline and mental rotation 

task. The answer was responded by four fiber optic buttons [10].  

 

 

Figure-4: Mental Rotation task 
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SPM: 
 
The role of statistics is crucial today in the advancement of functional NeuroImaging 

research. It largely focuses on activation studies and analysis of functional connectivity. 

Studies of brain activation are useful to seek neural response for a particular 

experimental task, which is depicted in the form of ‘brain maps’ with scatter of brain 

activity. We can also observe response to stimuli on various brain regions and their 

subsequent activation levels. Functional connectivity portrays temporal correlation 

between spatially remote brain regions. We can also study the effect of neural 

connections within certain brain region or the effect of multiple brain regions over each 

other for particular experimental stimuli [2].  

 

The data was analyzed in SPM8, a Statistical Parametric Mapping (SPM) toolbox 

designed to run within Matlab that is applied to neuroimaging data for identifying 

regionally specific effects to characterize functional anatomy, specialization and 

disorders. A voxel-based approach provides outputs of activated voxel regions based on 

regional specific response for experimental task [4]. SPM or data analysis of brain maps 

consists of three main stages; 1) spatial or image transforms 2) modeling and 3) 

inference [9]. SPM provides output images that are known as t-maps or F-maps. An 

analysis is performed at every voxel level using the standard univariate statistical test. It 

uses a general linear model (GLM) and random field theory (RFT) to analyze the 

functional data and make classical inferences. Parameters of GLM are estimated in a 

fashion similar to conventional analytical methods of discrete data. RFT is applied to 

solve multiple comparison issues by making inferences over a volume of brain. It also 

adjusts p-values to control false positive rates [5]. A Bayesian method is used to provide 

classical inferences. The reason we use statistics in neuroimaging is because it helps us 
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to depict activation regions related to our experimental paradigm. It also gives us the 

likelihood that certain activation is real.   

 

We can classify the statistical approaches for NeuroImaging in three types; 1) t-tests, 2) 

correlations and 3) Fourier analysis. The t-tests are used to compare the activation 

levels between two conditions in a given single experiment. The hemodynamic lag is 

overcome by applying a time-shift to the BOLD signal. Correlations are used to find 

model activation for similar activation pattern across multiple areas. The Fourier analysis 

looks for any energy at a particular paradigm frequency. In SPM, it is common to use a t-

test to perform 2nd level analysis. We can compare two groups within an experiment and 

look for activation statistics within brain regions. The 2nd level analysis cannot be applied 

to an effective connectivity method like DCM because there is no provision for group 

analysis inside the given DCM toolbox. 

 
Analysis:  

The first step of analysis is called as Preprocessing, which prepares the functional 

images by removal of artifacts like disorientation, improper construction, movement 

and/or extreme noise. Due to the time lag, the scanner acquires single slice brain layers 

at slightly different time points. The time difference can be corrected by ‘slice timing 

correction’, which uses a phase shift to bring the corresponding images at same time 

point. Head motions are common when a person is in the scanner due to prolonged 

scan times in an experimental session. Motion can be corrected by using realignment to 

ensure proper spatial alignment. After realignment, spatial normalization is performed.  

 

Spatial normalization establishes a one-to-one correspondence between the brains of 

different individuals by mapping each subject to a standard template (usually Montreal 
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Neurological Institute (MNI) template for SPM). Spatial normalization increases the 

statistical power and helps to determine the generic effects over individuals in a given 

group. Following normalization, spatial smoothing is performed [3]. Smoothing is low 

pass filtering which convolves image volumes with a Gaussian kernel of a specific width. 

As Gaussian Kernel increases the SNR of the data, it usually has the effect of blurring 

the sharp edges in the image. After this pre-processing, the data are ready for a 1st level 

analysis, time series extraction from Voxels of Interest (VOI), 2nd level analysis and DCM 

 

Preprocessing of the data: 

The toolbox used for data analysis was SPM8. SPM is a Matlab software package that 

implements Statistical Parametric Mapping for NeuroImaging data [3]. SPM is the only 

toolbox containing DCM analysis [3]. The steps for analysis were as follows: 

 

Figure-5: steps for performing DCM analysis 
   

 

Preprocessing= Slice Timing 
correction, Realign, 

Normalize and Smooth 

1st Level Analysis=- Contruct 
Design Matrix 

Estimation, Define Contrast 
and extract VOI 

Specify Matrix Model for 
DCM 

Classical Bayesian Estimation 

Review DCM outputs 
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Slice timing: 

Slice timing was performed to correct the differences in image acquisition time between 

the slices [3]. It corrects the staggered order of slice acquisition that is used during echo-

planar scanning. Values from particular slice (A) are acquired starting at time zero and 

simultaneously to the neural event. The next slice (B) value is obtained after one 

second. Without slice timing correction, the slice B data values will depict the 

hemodynamic response that will appear to start one second earlier on slice B than on A. 

This B values must be shifted towards right, which is the last value in the sequence.  
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Figure-6: Slice timing correction during pre processing 
 

The raw functional image files are inserted in “Data”. “Number of Slices” was 22, 

consisting of the total number of slices for a scan session, followed by mentioning “TR” 

and “TA”. Repetition Time (TR) is the period between start and the end of each scan 

volume. Image Acquisition time (TA) is the time required to carry out an MR imaging 

procedure consisting of only the data acquisition time, calculated as TA= TR-(TR/# 
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slices). For this experiment, TR= 3000ms and TA= 40ms. “Slice order” is inserted as 

“1:22”, which gives slices in the ascending order. “Reference Slice” was 1, as all the files 

are arranged by using the first slice as the reference slice.   

 

Realignment: Estimate and Reslice: 

Realigment is helpful to remove movement artifacts of the participant in the scanner [3].  

The images are aligned to the first acquired image. Realignment aligns the time series of 

images by applying least squares approach. The spatial transformation is performed by 

a six-parameter rigid body transformation. The realignment parameters are output in the 

form of text file. The images are resliced after realignment, so that they match the first 

image from original set of images.  

 

“Data” is inserted from the output files received after performing the Slice timing 

correction. “Quality”, “Separation” and “Smoothing (FWHM)” is default as 0.9, 4 and 5, 

respectively. “Num Passes” are registered to first, which registers imaged to the first in 

the series. “Interpolation”, “wrapping” and “weighting” is set to default at 2nd degree B-

Spline, No wrap and 0 files respectively. Resliced images are set for “All Images+ Mean 

Image”, which reslices the images to the original position and creates a mean of the 

resliced images. “Interpolation”, “Wrapping” and “Masking” were set to default at 4th 

Degree B-Spline, No wrap and Mask images respectively.  
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Figure-7: estimate and reslice during pre processing 
 

Normalize Estimate and Write: 

Normalization wraps the image, which registers the image to a source image in order to 

match the template image [3]. This is done to fit the images in a common space. 
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Figure-8: Estimate and write during pre processing 
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In this data-study, the images are registered to the EPI template provided as a default in 

SPM. In the absence of a structural image, images are registered to an EPI template 

image, or to an MNI space template. The realigned data-images are inserted in “Data”. 

An EPI template image provided by SPM is used in “Template Image”. The “Template 

Weighting Image”, “Source Image Smoothing”, “Template Image Smoothing”, “Affine 

Regularization”, “Nonlinear Frequency Cutoff”, “Nonlinear Iterations” and “Nonlinear 

Regularization” are default as 0 files, 8, 0, ICBM space template, 25, 16, and 1 

respectively. All the “Writing Options” are kept default as Preserve Concentrations, 2x3 

double, [2 2 2], Trilinear and No wrap.  

 

Smoothing: 

Smoothing convolves image volumes with a Gaussian kernel of specific width [3]. This 

step is vital to suppress noise in the images and remove effects due to residual 

differences that occurred during inter-subject averaging in functional and gyral anatomy 

[3]. After smoothing, the image looks more blurred than the original. This occurs due to 

low spatial resolution after removal of noise. However, it enhances the statistical power 

validity across the subjects.   
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Figure-9: Smoothing during pre processing 

 

Normalize images are inserted in “Images to Smooth”. The default MRI image typically 

uses an 8 mm kernel. The convolution takes place in x, y and z direction with Full Width 

Half maximum (FWHM) Gaussian kernel. “Data Type” is kept No while no Implicit 

masking was performed.  

 

General Linear Modeling (GLM): 
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GLM is a statistical analysis process, which utilizes a mass-univariate approach. GLM 

consists of 1st level analysis, which consists of three crucial steps; 1) specification of 

design matrix, 2) estimation of GLM parameters using classical or Bayesian approaches 

and 3) interpret the results using contrast vectors to produce brain maps [3].  

 

The design matrix is utilized to define the experimental design and nature of the 

hypothesis for that experiment. It consists of one row for each scan-time and one row for 

each effect/stimulus function. For multiple participants-data, the SPM analysis is 

categorized into two stages. The first level models are implemented for only within-

subject analysis.  
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Figure-10:1st level analysis specification 

 

The output path of the 1st level analysis is mentioned in “Directory”. “Units for design” 

and “Interscan interval” are mentioned as seconds and 3, respectively. The “Microtime 

resolution” and “Microtime onset” are set to default at 16 and 1, respectively. The “Data 

& Design” section includes scans, conditions, onsets and duration. The smoothed 

images are inserted in “Scans”. For this study, two “Conditions” were called “Baseline” 

and “Mental Rotation”. “Onsets” are time-stamps at which each task is displayed in the 

scanner. Each condition has separate onsets as follows  

Baseline: 0 11 22 66 77 88 132 143 154 198 209 220 264 275 286 330 341 352 

Rotation: 33 44 55 99 110 121 165 176 187 231 242 253 297 308 391 363 374 385 

The duration across both the conditions was 10s. The “Time Modulation” and 

“Parametric Modulations” were kept at default. The multiple regressors during 

realignment in the form of a .txt file is also provided as output. We insert this file in 

“Multiple Regressors”. “High-pass filter” cutoff is kept default at 128 s. The “Basic 

Functions” is Canonical HRF with no derivatives. “Global Normalization” was default at 

none, and no explicit masking was performed. “Serial correlations” was kept at default 
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values of AR (1). The first level analysis provides design matrix (Figure-11) in the form of 

the SPM.mat file. 
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Figure-11: Design matrix after 1st level analysis 

These columns 

represent the modeled 

conditions 

These six columns 

represent the 

realignment parameters 

specified as regressor 

The blank column depicts 

the contrast or implicit 

baseline with all events 

which are not explicitly 

modeled. It is average 

activity  

All the scans for selected 

subject 
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Each column in the design matrix represents a condition for subjects in the order, which 

the user specified them in the model followed by six motion parameters and a constant 

[3].  

 

To view the results of each participant, we estimation. By default, the estimation 

performed is Classical. To view the whole brain activated voxels and/or clusters, we 

need to specify contrast (Figure-12).   

 

Figure-12: contrast specification for activation threshold 
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GLM builds a relationship between our experimental manipulations and the observed 

data which includes multiple effects within the same design matrix. To retrieve the 

characteristic information of the particular condition, we use contrasts. They are used to 

generate the desired statistical parametric maps depending upon effects of the condition 

during the experiment.  For the math-gifted data, we used the t-contrast ( -1 1 0 0 0 0 0 0 

0). There are two types of contrasts used within SPM. t-test provides the significant 

increases or decrease in the contrast specified. This is helpful to find the brain region 

corresponding more to the trials in experiment than the time between those trials. F-tests 

provide information about significant increase or decrease between the conditions in the 

contrast i.e. the effect of the group of regressors. t-test looks for overall general effect 

either difference positive or negative between the conditions. F-test is independent of the 

direction of the contrast. To see the conditional effect in this study, we used t-contrast.  

 

Extracting Voxel of Interest (VOI): 

VOI’s are extracted after the contrasts are specified. We can either apply masking, title 

for the contrast comparison, p-value adjustment to control, threshold (T or p-value) and 

extent threshold [3]. The T or p-value threshold is usually kept as less than 0.05 to 

maintain the significance of the data. The extent threshold represents the cluster 

containing ‘v’ voxel specified. SPM uses default uncorrected p-value as p=0.001, which 

means that the probability of a false positive at each voxel is 0.001. So, if we have 

50,000 voxels, we can expect 50,000x 0.001= 50 false positives in each SPM.  
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Figure-13: p value threshold for activation voxels 

 

For this study, the activation levels were highly variable across each individual,  which 

was unreliable to keep a constant p-value threshold across all the participants. Hence, 

we varied the threshold based on the desired activation in brain regions required for this 

analysis. The thresholds used are as follows: 
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Right-hemisphere- 

Table 2: T or p-value threshold for right hemisphere 

Subjects (MG) T or p-value threshold Subjects (Ctrls) T or p-value threshold 

24 0.001 20 0.125 

28 0.0001 11 0.01 

5 0.01 14 0.015950 

7 0.00001 25 0.0001 

13 0.0001 26 0.0950 

23 0.0001 17 0.0001 

19 0.001 1 0.01 

10 0.01 3 0.01 

 

Left-hemisphere- 

Table 3: T or p-value threshold for left hemisphere 

Subjects (MG) T or p-value threshold Subjects (Ctrls) T or p-value threshold 

24 0.05 20 0.1 

28 0.001 11 0.001 

5 0.01 14 0.150 

7 0.00001 25 0.01 

13 0.0001 26 0.150 

23 0.01 17 0.001 

19 0.0000001 1 0.05 

10 0.001 3 0.001 
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Fronto-Parietal region- 

Table 4: T or p-value threshold for Fronto-Parietal region 

Subjects (MG) T or p-value threshold Subjects (Ctrls) T or p-value threshold 

24 0.05 20 0.1 

28 0.001 11 0.001 

5 0.01 14 0.150 

7 0.00001 25 0.01 

13 0.0001 26 0.150 

23 0.01 17 0.001 

19 0.0000001 1 0.05 

10 0.001 3 0.001 

 

The “extent threshold (voxels)” was kept at 5 across all the individuals. The variable 

threshold avoided the issue of skipping the voxel. SPM has a tendency to skip an 

inactivated voxel. By varying the threshold, a small level of activation was increased for 

that region, which was vital in selecting a voxel for particular region.  

 

Statistical tables- 

The p-values give as an option to receive ‘whole brain’ activated voxel list. This is the 

summary of local maxima, which displays the clusters above the chosen level of 

significance with details of significant thresholds and search volume underneath [3].  
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Figure-14: List of activated voxels and clusters after 1st level analysis 

 

 

X, Y, Z (mm) 
MNI 
coordinates 



  Texas Tech University, Kushal Kapse, August 2012 
 

36 
 

Peak level- the probability of finding  peak t or z-statistics. 

Cluster level- the probability of finding a cluster activated above t or z-statistics 

Set level- the probability of finding ‘c’ number of clusters in the search volume 

 

Figure-15: coordinates for VOI 

 

We can specify the coordinates of the desired voxel in the window (figure-15). The 

voxels can either be selected by clicking from the list (figure-14) or can be manually 

inserted as in (figure-15).  

The variable threshold minimized the problem of skipping the voxels. The skipping of 

voxel to a tolerance level of ±2 mm was acceptable. The following list consists of original 

voxels selected for each hemisphere and respective list of skipped voxels. 
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List of original voxels across right hemisphere: 

 

Table 5: original voxel coordinates for right hemisphere 

Brain area x-coordinate y-coordinate z-coordinate 

RDL 48 12 18 

RIP 39 -48 42 

RPM 30 -9 54 

RSP 30 -66 48 

 

List of skipped voxels across right hemisphere: 

 

Table 6: skipped voxel coordinates for right hemisphere 

SUBJECT -24     SUBJECT -20     

          

58 10 18   48 10 18 

38 -48 42   38 -46 44 

12 0 52   30 -2 56 

30 -66 46   30 -66 48 

        

SUBJECT -28     SUBJECT -11     

             

50 10 18  48 20 22 

40 -48 42   40 -48 42 

34 4 46   30 -8 54 

30 -66 48   30 -66 48 

        

SUBJECT -5      SUBJECT -14     

       

48 12 18  54 18 22 

38 -48 42   38 -50 46 

30 -8 54   30 -8 54 

30 -66 48   30 -66 48 
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SUBJECT -7      SUBJECT -25     

       

48 12 18  48 12 18 

36 -48 42   38 -46 42 

30 -8 54   32 0 54 

30 -68 48   28 -64 48 

        

SUBJECT -13      SUBJECT -26     

       

48 12 18  46 8 28 

38 -48 42   38 -48 42 

30 -8 54   24 -4 54 

30 -66 48   30 -66 48 

        

SUBJECT -23      SUBJECT -17     

          

50 12 18   52 8 20 

38 54 44  38 -48 42 

40 8 40   30 -8 54 

26 -60 48   30 -66 48 

        

SUBJECT -19     SUBJECT -1     

         

48 12 18   48 12 18 

38 -48 42   38 -48 42 

30 -8 52  30 -8 54 

30 -66 48  30 -66 48 

        

SUBJECT -10      SUBJECT -3     

           

48 12 18   48 12 18 

38 -48 42   44 -50 40 

30 -8 52  30 -10 54 

30 -66 48  30 -66 46 

 

 

List of original voxels across left hemisphere: 
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Table 7: original voxel coordinates for left hemisphere 

Brain area x-coordinate y-coordinate z-coordinate 

LDL -48 12 27 

LIP -42 -54 42 

LPM -27 -15 57 

LSP -30 -66 48 

 

List of skipped voxels across left hemisphere: 

 

Table 8: skipped voxel coordinates for left hemisphere 

SUBJECT -24    SUBJECT -20   

           

-44 14 34  -48 12 28 

-42 -54 42  -42 -54 42 

-28 -16 58  -28 -14 58 

-30 -66 48  -30 -66 48 

       

       

SUBJECT -28    SUBJECT -11   

       

-48 14 30  -48 12 28 

-42 -54 42  -42 -54 42 

-27 -15 57  -28 -14 58 

-30 -66 48  -30 -66 48 

       

       

SUBJECT -5    SUBJECT -14   

       

-48 12 28  -50 6 28 

-42 -54 42  -42 -54 40 

-27 -15 57  -28 -14 58 

-34 -70 42  -30 -68 48 
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SUBJECT -7    SUBJECT -25   

       

-48 12 28  -48 12 28 

-42 -54 42  -42 -52 44 

-28 -10 58  -30 -8 56 

-30 -66 48  -28 -64 48 

            

SUBJECT -13    SUBJECT -26   

       

-48 12 28  -46 10 28 

-42 -54 42  -40 -54 42 

-26 -12 54  -28 -10 58 

-30 -66 48  -28 -68 48 

       

       

SUBJECT -23    SUBJECT -17   

       

-50 8 28  -48 12 28 

-42 -54 42  -42 -54 42 

-28 -14 58  -26 -14 56 

-30 -66 48  -30 -66 48 

       

       

SUBJECT -19    SUBJECT -1   

       

-48 12 28  -48 4 28 

-42 -54 42  -42 -54 42 

-28 -14 58  -28 -14 58 

-30 -66 48  -30 -66 48 

       

SUBJECT -10    SUBJECT -3   

       

-46 16 24  -48 12 28 

-38 -54 42  -42 -54 42 

-28 -16 54  -28 -14 58 

-30 -66 48  -34 -70 42 
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List of original voxels across fronto-parietal region: 

 

Table 9: original voxel coordinates for fronto-parietal region 

Brain area x-coordinate y-coordinate z-coordinate 

AC 9 15 39 

 

List of skipped voxels across frontoparietal region: 

  

Table 10: skipped voxel coordinates for fronto-parietal region 

SUBJECT -24       SUBJECT -20     

           

8 18 40   8 17 41 

              

SUBJECT -28       SUBJECT -11     

             

6 16 44   9 15 39 

           

SUBJECT -5      SUBJECT -14     

           

8 14 44   6 20 38 

              

SUBJECT -7       SUBJECT -25     

           

8 16 40   8 20 46 

           

SUBJECT -13       SUBJECT -26     

           

8 16 40   8 17 38 

              

SUBJECT -23       SUBJECT -17     
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4 16 42   8 14 40 

        

SUBJECT -19       SUBJECT -1     

           

8 16 40   8 16 40 

              

SUBJECT -10       SUBJECT -3     

           

8 22 40   8 14 40 

 

Once we input these coordinates in (figure-), we click on the “eigenvariate” button to 

enter the specification of the desired voxels. The specifications include the name of the 

voxel, VOI definition (sphere/box/cluster/mask) and dimension of selected VOI definition 

in mm. This step confirms the extraction VOI for a specified coordinate in the brain. This 

is crucial step to perform DCM as these VOI’s are helpful to input the connectivity matrix.  
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Figure-16: selected VOI position in the brain 

The red highlighted “voi” depicts the selected VOI in the MNI brain for a specific 

spherical radius.  

 

DCM: 

Then we can explore the options in ‘Dynamic Causal Modelling’ in the SPM8 main 

window. It contains specify, estimate, review, compare, average and quit. Using 

“Specify”, we can specify the connection within and between the regions for the desired 
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VOI’s. SPM expects to include the desired conditions into the model. It also asks for 

modulatory (bilinear/nonlinear) effects, states per region (one/two), stochastic effects 

(yes/no) and center input (yes/no).: 

 

We can specify the intrinsic connections within the regions selected for VOI. 

Connections can be unidirectional or bidirectional.  After defining the model connection, 

we can add the effect of the desired condition to the selected connections. The 

conditional effects can be added either to a specific region or to connection within region 

(s). Estimation is based on Bayesian model estimation where posterior density priors 

and likelihood priors are used to compute the model. DCM.mat file is created as an 

output. The output can be accessed by using ‘review’ section in DCM. Using this, we can 

observe the effect of conditions, fixed connections, location of regions, estimates of state 

parameters and precisions, hidden state of each VOI region and output kernels. 

 

Effect of condition: 

A user can observe the effect of specified conditions for selected regions. The effect 

within the connections is marked by red-dotted line. We can also study the modulatory 

effect of the condition on the overall brain with specified regional connections. 

Conditional probability can also be determined for selected conditions within the regions.   
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Figure-17: Output from “Effect of condition” after performing DCM 

Fixed connections: 

The user can observe fixed connections and the strength of connection within regions. 

The connection strength is denoted as statistical power value between 0 and 1. It also 

displays fixed effects of regions within each other and the probability of connection 

strength of each region. 

Location of regions: 

This section shows the exact location of the VOI within the brain.  

It also depicts name of voxel, its location-coordinates and number of voxels in the 

region. 

Inputs: 

This section provides information of prior versus event density of the condition 
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Outputs: 

This section shows the predicted v/s observed time series 

Estimates of states: 

This section provides predicted, estimated and hidden state parameters. Errors given as 

output show the differences between predicted and estimated parameters. 

Hidden states: 

This section shows inputs, neuronal signal, hemodynamic and BOLD signal for each VOI 

during the experimental task. 
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CHAPTER IV 

RESULTS AND DISCUSSION 

 
 
The aim of these models was to study and understand the interregional brain structures 

used to process a mental rotation task using 3D block figures. We wanted to determine 

whether mathematically gifted children are possess special intra- and inter-

hemispherical connections while performing spatial reasoning tasks. From a literature 

search and research done earlier on math-gifted children, we did assume that MG 

children would use more complex networks to perform these tasks than the control 

population. It was assumed that networks within anterior regions consisting of 

dorsolateral prefrontal cortex, premotor cortex and anterior cingulate are primarily 

utilized for attention and execution. For mental rotation tasks, posterior regions 

consisting of inferior and superior parietal areas are the primary regions that are used. 

DCM was used to observe the underlying neuronal connectivity while performing these 

mental rotation tasks. We studied the pathways used within the selected ROI’s and 

directionality of information transport within and between the regions. A default model 

was made, and the direction of the connections within that model between the regions 

was changed to determine which model was the best fit with the data. The models were 

categorized based on brain regions and sub-networks within those regions. 1) Left 

Hemisphere 2) Right Hemisphere and 3) Fronto-Parietal areas. Each hemisphere 

consisted of Dorsolateral Prefrontal, Inferior Parietal and Premotor Cortex. Early 

research by Corballis (1997) has proved that the brain usually uses right hemisphere 

more than left hemisphere for performing mental rotation tasks. The reason to choose 

these models were because Fuster (1997) showed that bilateral premotor and 

dorsolateral prefrontal regions within each hemisphere are mutually interconnected and 
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further join with the anterior cingulate. It is also observed that the anterior cingulate is 

highly interconnected with neocortical frontal regions. 

The models were classified based on both hemispheres. One set of models was 

designed for the right hemisphere while other set of models was designed for the left 

hemisphere. A third model was designed to observe the neural connections between 

Anterior Cingulate, Premotor Cortex and Dorsolateral of both the hemispheres. The 

perturbations were added to the connections within the regions to study the direction in 

which the neural processing takes place.  

Table 11: VOI’s used across the regions 

Region 1  Anterior Cingulate (AC)  9, 15, 39  

Region 2  Left Dorsolateral Prefrontal (LDL)  -48, 12, 27  

Region 3  Left Inferior Parietal (LIP)  -42, -54, 42  

Region 4  Left Premotor Cortex (LPM)  -27, -15, 57  

Region 5  Left Superior Parietal (LSP)  -30, -66, 48  

Region 6  Right Dorsolateral Prefrontal 
(RDL)  

48, 12, 18  

Region 7  Right Inferior Parietal (RIP)  39, -48, 42  

Region 8  Right Premotor Cortex (RPM)  30, -9, 54  

Region 9  Right Superior Parietal (RSP)  30, -66, 48  

 

These voxels were chosen from the group activation maps derived using a data-driven 

analysis. The VOI’s were selected based on precise statistical parameters i.e. (p-value 

threshold and subsequent z-scores), which was helpful for limiting computational time 

and model complexity. A VOI consisted of a 10 mm sphere. The regions below specific 

thresholds were eliminated due to their non-significance. It is not confirmed that the 

activation maps guarantee causal connections between the VOI’s. However, it is 

logically expected from the point of view of brain and functional anatomy.  
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Right Hemisphere: 

Model Comparison: 

The ROI for right hemisphere were Dorsolateral (DL), Premotor Cortex (PM), and Inferior 

Parietal (IP). The connections were given from DL to PM and IP. This is because; many 

studies have demonstrated enhanced development of the RH and unusual reliance upon 

it for processing spatial reasoning information. 

In total six models were designed. The first three models have direction flowing from DL. 

The former three models have directions flowing in DL. The perturbation was added 

between the connections to study which connection was engaged during the task. Two 

effect analysis methods were used to infer results:; fixed effect analysis (FFX)  and 

random effect analysis (RFX).    

 

 

 

 

 

 

 

 

 

 

Figure-18: Six DCM models for Right hemisphere 
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The model comparison results are as follows: 

Table 12: Fixed effect (FFX) and Random effect (RFX) model output for 

math-gifted and controls across right hemisphere 

Math-gifted FFX 

SUBJECT HIGHLY EFFECTIVE MODEL 

5 4,5 

7 4 

13 5 

19 6 

23 3 

24 6 

28 6 

 
Controls FFX 

SUBJECT HIGHLY EFFECTIVE MODEL 

1 6 

3 2 

11 6 

14 5 

20 2 

25 4 

26 2 

 
Math gifted RFX 

SUBJECT HIGHLY EFFECTIVE MODEL 

5 4,5 

7 4 

13 5 

19 6 

23 3 

24 6 

28 6 

 
Controls RFX 

SUBJECT HIGHLY EFFECTIVE MODEL 

1 6 

3 2 

11 6 

14 5 

20 2 

25 4 

26 2 
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Doing model comparison for controls and MG for right hemisphere using DCM provides 

us with some valuable information of models proposed by Prescott.  

Applying FFX for MG subjects in DCM, it seems that model 6 is a highly effective model 

across three MG subjects (19 24 28). Note that model-4 5 and 6 are reverse-directional 

of the Prescott’s models-1, 2 and 3 [11]. For controls, the models are variable across the 

subjects. The most highly effective model across the controls in FFX is model-2. It was 

expected that the controls would exhibit behavior described by one of the first three 

models, because those models would be consistent with Prescott. Our results indicated 

that in addition to model-2, controls also show an efficient network for model-6.  

The MG group tends to show similar RFX defined networks as those found in FFX: 

model-6 is mostly used across the subjects and is highly effective. Model-4 and 5 are 

also applicable across other subjects in MG group for RFX. Similarly, across Controls for 

RFX, model-2 seems highly effective across three subjects. Model-6 also proves to be 

successful is depicting strong connections across subjects. 

Model-6 shows the strongest connection strength across all MG participants. The C-

probability chart depicts the significance of the connection within the selected regions. 

We can see that the red-dashed line is around 0.9, which implies that the connection 

between regions is significant. The A-probability depicts shows the significance of each 

connection. The negative A-fixed effect strength means that the strength for each 

connection is weak, which means the interaction between the regions is less compared 

to other region in the model. However, it is highly significant when we check the A-

probability. 
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Strength of Connection in Right Hemisphere: 

 

Figure-19: graph of connection v/s avg. connection strength in right 

hemisphere across MG and Controls 

 

 Figure-17 shows the strength of connection within the right hemisphere across both the 

groups. For models in the right hemisphere, found were four connections: 1) RDL-RIP 2) 

RIP-RDL 3) RDL-RPM 4) RPM-RDL. Each numerical value on the graph is the average 

of connections across all the models, and then across the subjects. Each point is the 

average of the averages taken across connection of models over all subjects in a group. 

The blue line is MG and the red line is Controls. Among MG participants, RDL-RIP 

seems to have strongest connection strength of 0.6091 Hz, while RPM-RDL has the 

weakest connection strength of 0.3244 Hz. Among controls participants, RDL-RPM has 

0 

0.1 

0.2 

0.3 

0.4 

0.5 

0.6 

0.7 

0 

0.1 

0.2 

0.3 

0.4 

0.5 

0.6 

0.7 

0 1 2 3 4 

St
re

n
gt

h
 (H

z)
 

 

Connection 

Strength of Connection-Right hemisphere  
MG v/s CTRL 

MG Controls 
1) RDL-RIP 3) RDL-RPM 
2) RIP-RDL  4) RPM-RDL 



  Texas Tech University, Kushal Kapse, August 2012 
 

53 
 

the strongest connection strength of 0.5799 Hz while RPM-RDL has the weakest 

connection strength of 0.3520 Hz. Controls Subject-14 seems to have negative 

connection strength, which makes the overall average lowest among the group. Overall, 

MG children seem to have higher connection strength than controls for the models in 

right hemisphere.  

Strength of connection and strength of modulatory effect by perturbation are two 

different concepts that are independent of each other. Thus, there may be strong 

connection between two regions but the modulatory effect by particular task may be 

weaker and vice versa. The Bayesian Model Selection (BMS) is a completely different 

method of study than the above two. BMS is purely based on Bayes theorem that 

represents the best compromise between model fit (accuracy) and model complexity.                     

The IP region is primarily responsible for calculations and performance of reversible 

operations in space. It is observed that RPM is involved in spatial working memory. We 

can infer that the activation of the right Premotor cortex during bimanual movements 

may be related to increased spatial attention and spatial working memory. The RDL is 

primarily responsible for decision making [4], which means tht RDL was primarily used to 

design the solution for the spatial task, and then a decision was made.  

It seems that MG participants completely engage RDL, RPM and RIP to perform the 

spatial reasoning task. This makes the processing of information faster and response 

time is usually faster compared to controls.    

Controls: 

Across the control population, Model-2 shows the best fit for three participants. The task 

processing was primarily performed by regional connection between RDL to RIP. Brain 

anatomy reveals that Dorsolateral prefrontal is primarily responsible for intellectual 



  Texas Tech University, Kushal Kapse, August 2012 
 

54 
 

functions, executive actions, abstract thinking and judgment. IP region was observed to 

be responsible for calculation, reading and performance of reversible operations in 

space.  

Engaging two regions RDL and RIP may result is slower processing time and late 

response. RDL is primarily used to design the spatial task and then take decision. RIP 

also helps in performance of spatial tasks. These two regions are helpful to perform the 

given spatial task, but the absence of RPM involvement in the task makes response time 

slower. The control participant takes longer time to think, design, modulate, confirm and 

make decision to perform the spatial task. 

The effect of MR, fixed effects, and Bayesian model comparison are three distinct 

analysis methods used within DCM. Effect of condition (MR) describes the strength of 

the condition on a particular region/connection while performing a task. Fixed Effect 

depicts the strength of a connection between selected VOI or regions. Bayesian Model 

Comparison is used to compare multiple models and conclude which model has best 

possible fit. Effect of condition and Fixed Effects are measured in Hz.  

When we observe the effect of MR in controls, it seems that the strength of the 

modulatory effect driven by the mental rotation task is weaker than that in MG children. 

Model-3 across both the groups seems to have the highest modulatory effect within the 

model connections. The negative strength indicates the weakest connections across 

specific models within the regions. This means that the modulatory effect by the task can 

be weaker on a given connection, an effect that is independent of the existence of the 

underlying connection. The results show that controls have more negative strengths than 

MG, meaning that the mental rotation task constitutes a weaker effect on the connection 

while performing task.  
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Left Hemisphere: 

Model Comparison: 

The ROIs for the left hemisphere were Dorsolateral Prefrontal, Premotor Cortex, 

Superior Parietal and Inferior Parietal. Connections go from LSP to other ROI. Previous 

study shows strong front parietal connections within the left hemisphere in MG 

participants [10].  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure-20: Six DCM models for Left hemisphere 

In total, six models were designed. The first three models have directions outward from 

the LSP. The former three models have directions flowing in to the LSP. The 
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perturbation was added between the connections to study which connection was 

engaged during the task. Two effect analysis methods were used to infer results: fixed 

effect analysis and random effect analysis.    

Model Comparison: 

 

Table 13: Fixed effect (FFX) and Random effect (RFX) model output for 

math-gifted and controls across left hemisphere 

Math gifted FFX 

SUBJECT HIGHLY EFFECTIVE MODEL 

5 6 

7 3 

10 2 

13 6 

19 6 

23 1 

24 3 

28 5 

Controls FFX 

SUBJECT HIGHLY EFFECTIVE MODEL 

1 5 

3 4 

11 6 

14 3 

17 5 

20 1 

25 1 

26 1,2 

Math gifted RFX 

SUBJECT HIGHLY EFFECTIVE MODEL 

5 6 

7 3 

10 2 

13 6 

19 6 

23 1 

24 3 

28 5 

Controls RFX 

SUBJECT HIGHLY EFFECTIVE MODEL 

1 5 
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3 4 

11 6 

14 3 

17 5 

20 1 

25 1 

26 1,2 

 
From the results given in the tables above, model 6 is highly effective model across 

three MG subjects (5 13 19). To be noted, Model-4 5 and 6 are reverse of the Models-1 

2 and 3. MG subjects (7 10 23 24) follow model- 3 2 1 3 respectively. This means the 

model proposed for controls to some extent works for MG as well - MG children use 

networks, which follow similar pathways to those used by controls, as well as networks 

that are more advanced. This is an important similarity between networks on brain 

regions between both groups. For those MG who follow the connections in model-6, 

used networks in opposite directions to the ones found by Prescott.  

Strength of connection in Left Hemisphere: 
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Figure-21: graph of connection v/s avg. connection strength in left 

hemisphere across MG and Controls 

 

Fronto-parietal regions:  

There is also evidence for a highly coordinated ability to switch regions of brain 

activation and for enhanced cooperation of information exchange between the 

hemispheres in the math gifted (O’Boyle, et. al., 1995; O'Boyle, 2000; O’Boyle & Gill, 

1998; Singh, 2000). Hence, we proposed a model based-apparoach which consists 

premotor cortex and dorsolateral prefrontal from both hemispheres connected to anterior 

cingulate. We tried to find which connection fits best between AC and other hemispheric 

regions. 
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Figure-22: Six DCM models for Fronto-Parietal region 

The Anterior Cingulate is known to be highly active during decision making and cognition 

[6]. For the selected brain regions, model-6 was highly effective across both the groups. 

Model-6 represents modulation by the spatial reasoning task from AC to other brain 

regions with all intrinsic connections. AC, DL and PM are completely engaged to perform 

the mental rotation task in math-gifted children. PM is responsible for motor function of 

hand tapping/movement during the entire task and is possibly associated with 

visualization of physical rotation of the object. DL plays a vital role in intellectual function. 

This area seems to use high-level intelligence to perform the spatial reasoning task. 

From literature review, AC is responsible for emotion, memory and self-regulation with 

performing predictons. However, these networks are not engaged by control participants 

to perform this task. Controls rarely use modulation of all four-network connections at a 

time to process the mental rotation task.   
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Model comparison: 

Table 14: Fixed effect (FFX) and Random effect (RFX) model output for 

math-gifted and controls across fronto-parietal region 

SUBJECT HIGHLY EFFECTIVE MODEL 

5 6 

7 4 

10 6 

13 6 

19 6 

23 5 

24 6 

28 6 

Controls FFX 

SUBJECT HIGHLY EFFECTIVE MODEL 

1 6 

3 6 

11 4 

14 4 

17 6 

20 4 

25 6 

26 4 

 

Strength of connection in Fronto-Parietal regions: 
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Figure-23: graph of connection v/s avg. connection strength in fronto-

parietal region across MG and Controls 

Figure-21 displays the data for connections in fronto-parietal region across both the 

groups. There are eight connections in total across six defined models. For comparison, 

the connections to and from AC were considered. Because we wanted to see how the 

inter-hemispheric connection towards AC affects the connection strength. The weakest 

connection for MG is LPM-AC, while for controls is LDL-AC. The strongest connection 

for MG is AC-RDL, while for controls is AC-LPM. AC is primarily responsible for 

cognition and decision-making. The strongest connections across both the groups are 

from AC towards other selected brain regions. AC is highly used for cognition or decision 
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making which then sends the signal to DL and PM to precede executing function. 

Overall, the MG group has a higher degree of connection.       

Bayesian Model Selection: 

Each model is saved separately as DCM.mat. By using a batch editor, we can input 

multiple models for comparison to see which one fits the best for measured and fitted 

response. We can use either of the inference method ‘fixed effects (FFX)’ or ‘random 

effects (RFX)’. Fixed effect analysis takes into account the variability in population within 

subject. However, it doesn’t allow making formal interpretation about the population 

effects using FFX. Random Effect analysis accounts source of variation and allows the 

user to draw conclusions about the population from which the subjects come.  

Model comparison: 

The model comparison output displays two graphical presentations. The top bar graph 

shows models based on ‘model expected probability;’ while the bottom bar graph shows 

the models based on ‘model exceedance probability’. The model expected probability 

depicts expected probability of a particular model among the group of models used for 

comparison. The model exceedance probability indicates the degree by which the 

calculated probability exceeded the expected probability. This indicates the difference 

between the expected and observed/calculated model estimates, which are helpful to 

distinguish models and their best fits. These two categories are provided when the user 

performs random effect analysis (figure-22).  
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Figure-24: BMS output for random effect analysis 
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Figure-25: BMS output for fixed effect analysis 

The two graphs in figure-25 are log-evidence (relative) and model posterior probability. 

Log-evidence depicts a baseline model with no coupling changes. From figure-23, we 

can conclude that there is strong evidence for the Model-6 than Model-5. The log-

evidence is expressed relative to a DCM in which no connections were allowed to 

change. The model with greatest log-evidence i.e. likelihood is selected as the best fit.   
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Modeling results for RH: 

The right hemisphere has six models. Three regions were used; RDL, RPM and RIP. 

FFX and RFX appear to have only a thin line of difference in their analysis. They provide 

similar model-effectiveness when analysis is performed within subject. This analysis was 

performed within subject on individual basis, not group.  DCM with RFX and FFX gives a 

different connectivity pattern than that reported in Prescott’s paper. Looking across the 

group, we can conclude that Model-6 is highly effective across MG while Model-2 is 

highly effective across controls.  

Activation Threshold:   

Right hemisphere- 

Table 15: p-value threshold across right hemisphere 

Subject Threshold Subject Threshold 

5 0.01 1 0.01 

7 0.00001 3 0.01 

10 0.01 11 0.01 

13 0.0001 14 0.015950 

19 0.001 17 0.0001 

23 0.0001 20 0.125 

24 0.001 25 0.0001 

28 0.0001 26 0.0950 

 



  Texas Tech University, Kushal Kapse, August 2012 
 

66 
 

Figure-24 depicts the range of threshold with respective to its participant. We can see 

that the range of threshold for right hemisphere mostly stays less than 

 

Figure-26: graph for p-value threshold of right hemisphere  

0.02. Participant-20 and 26 are controls. If we lower the threshold below 0.125 for 

participant-20, the activation drops significantly and the desired voxels skip considerably. 

To pick a desired VOI, we had to increase the threshold to a level where the skipping of 

voxels is minimal. The selected VOI skips in SPM if there is no activation for that voxel in 

a cluster. This skipping leads to many issues while performing analysis. First, skipping 

may completely change the desired VOI from one region to other. This may create a flaw 

in analysis, as we won’t be analyzing the desired region, hence resulting in undesirable 
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and/or unreliable results. Second, higher programming skills in Matlab may be used to 

prevent skipping the voxels by changing the built in SPM code, but selecting an 

inactivated voxel may not be useful for functional and effective connectivity analysis. It is 

a logical understanding that if there is an activated voxel, the chances are higher that it 

will have functional and effective connection with other voxels. In absence of activation, 

the desired VOI may not possess functional connectivity with other brain regions. Thus, 

using a higher threshold to check the activation of desired voxel is recommended.  

Left hemisphere- 

Table 16: p-value threshold across left hemisphere 

Subject Threshold Subject Threshold 

5 0.01 1 0.05 

7 0.00001 3 0.001 

10 0.001 11 0.001 

13 0.0001 14 0.150 

19 0.0000001 17 0.001 

23 0.01 20 0.01 

24 0.05 25 0.01 

28 0.001 26 0.150 
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Figure-27: graph for p-value threshold of left hemisphere 

Figure-25 depicts the scatter plot of participants and respective threshold. Participant- 14 

and 26 have threshold above 0.14. The activation levels are higher in the controls group. 

At 0.01, these participants showed very mild activation, and allocating desired VOI for 

analysis was not possible. Increasing threshold lead to higher activated brain maps. 

Most of the thresholds are below 0.02. Participant- 1 and 24 are between 0.04-0.06.  

Fronto-Parietal region: 

Table 17: p-value threshold across fronto-parietal region 

Subject Threshold Subject Threshold 

5 0.01 1 0.001 

7 0.00001 3 0.001 

10 0.01 11 0.001 

13 0.0001 14 0.1 
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19 0.0000001 17 0.1 

23 0.01 20 0.1 

24 0.01 25 0.01 

28 0.001 26 0.150 

 

Choosing a correct threshold value is a difficult process because different values can 

change the results significantly. For the selected study, we used variable threshold to 

insure the inclusion of our hypothesized regions of interest. . The p-value thresholds 

were adjusted for desired brain activation level. Due to large variation of activation 

across the participants, it was not reliable to keep a constant threshold. MG participants’ 

activation was inversely proportional to the threshold. The occipital activation was mostly 

not required because it is primarily responsible for visual attention. Frontal lobe and 

anterior cingulate activation correlates with intelligence of math gifted children in 

performing a spatial reasoning task. With a higher threshold, these areas were highly 

activated with surrounding cluster-level activation. Lower thresholds were helpful to 

isolate the required activation brain maps and define clear model design.  

Effect of condition: 

Mental rotation was the condition used as a perturbing effect on connections.. The effect 

is measured in Hz. The strength depicts how powerful the perturbation is on the 

specified connection in a model. There can be positive or negative perturbation strength. 

Negative strength denotes that the MR task weakens the perturbation strength, but the 

perturbation still exists.  
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Right Hemisphere: 

 

 

 

 

 

 

Figure-28: strongest/weakest perturbation strength across MG’s in right 

hemisphere 

MG children seem to have a variable distribution of perturbation strength. Figure-18 

shows strongest/weakest perturbation strength across MG along all the connections in 

right hemisphere. Among the eight participants, subject-5 seems to have positive 

strength across all the six models. Subject-24 shows weakest modulation by MR task. 

Five out of six models show negative perturbation strength in subject-24. Subject-19 and 

28 have positive perturbation strength for model-1, 2 and 3 while negative perturbation 

for model-4, 5 and 6. Overall, highest perturbation strength are shown by model-3, 

subject- 7, 19 and 28. The weakest strength is shown by model-3 in subject-24 i.e. -

0.1629. Two of the MG participants-13, 23 shows positive and stronger strength for 

model-4, 5 and 6. Perturbation minimizes modulation for that connection. Negative 

modulation means that the connection exists but the effect of that condition does not 

modulate the connection for specific task.   
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Figure-29: strongest/weakest perturbation strength across controls in right 

hemisphere 

Controls show a consistent positive and negative strength across all the models. Figure-

19 shows strongest/weakest perturbation strength across controls along all the 

connections in the right hemisphere. The strongest strength is depicted by model-3 in 

subject-20 with strength of 0.1624 Hz. Among controls, subject-20 has all positive 

strength across all the models. Subject-17 and subject- 26 have five models with 

negative strength. Subject-17 also has weakest perturbation across entire group. The 

weakest modulation strength is -0.0793 for model-4. Across controls, model-1, 2 and 3  

have the greatest and most positive strength with range of 0.0192- 0.1624 Hz.   

Overall, model-4, 5 and 6 have strong condition effect across MG subjects. Controls 

seem to have strong perturbation strength across model-1, 2 and 3. Only one subject 
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among controls uses model-4, 5 and 6, which means that the perturbations are positive 

and effective for connection away from RDL. But this is contradictory with MG 

participant. MG participants show significant use of model-4, 5 and 6 during performance 

of the task. MG participants depict effective and positive perturbation strength for 

connection towards RD, and have stronger use of regions from right hemisphere than 

controls.  

Left hemisphere: 

 

 

 

 

 

 

 

 

 

Figure-30: strongest/weakest perturbation strength across MG’s in left 

hemisphere 

MG children have weaker perturbation strength for left hemisphere. Figure-20 shows 

strongest/weakest perturbation strength across MG along all the connections in left 

hemisphere. Almost all the MG subjects have some negative strength along the 
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proposed models. Subject-10 seems to have most positive perturbations i.e. eight 

connections. Subject-23 showed strongest perturbation strength of 0.2198 Hz overall. 

The weakest strength (-0.113 Hz) was in subject-24. Overall, MG showed weaker 

perturbation strength in left hemisphere. The connections LPM-LDL and LDL-LPM show 

consistent perturbation by MR task across seven subjects. Based on these results, we 

can say that MG’s use bidirectional LPM-LDL connection for MR task.  

 

 

 

 

 

 

 

 

 

Figure-31: strongest/weakest perturbation strength across controls in left 

hemisphere 

Controls show a completely different perturbation effect by MR. Figure-21 shows 

strongest/weakest perturbation strength across controls along all the connections in left 

hemisphere. It seems controls apply strong perturbation over left hemisphere compared 

to MG. Four controls (3, 20, 25, and 26) show all positive perturbation strengths. The 
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weakest perturbation is shown by subject-17 (-0.1287 Hz). The strongest perturbation is 

shown in subject-20 (0.205 Hz). The highest negative perturbations are shown in 

subject-1 (six). Connection LDL-LPM is showing overall positive and strong strength 

across the controls population. This is followed by LSP-LPM.  

Thus, the left hemisphere for controls shows stronger perturbation strengths than for 

MG. The connection LPM-LDL shows stronger strength and most perturbation across 

both the groups.  

Fronto-Parietal: 

MG show more use of Model-1, 2 and 3 than the latter three models. The most negative 

condition strength is depicted in model-4, 5 and 6. Subject-5 and 7 have all negative 

strength across model-4, 5 and 6. Subject-24 shows stronger perturbation strength (6) 

across model-4, 5 and 6. Subject-23 has the least negative perturbation (-0.1457 Hz) 

across all MG participants. He/she also has strongest perturbation (0.1323 Hz) across 

the group. Overall, it seems math gifted follow model-1, 2 and 3. MG children use AC as 

major decision-making brain region when they receive information from Dorsolateral and 

Premotor Cortex for both hemispheres. This observation is vital as AC is primarily used 

for decision-making and error detection. This is significant because when they observe 

the mental rotation task, they try to use “elimination” strategy to find the correct answer. 

This is where AC is helpful to look for most probable answer and confirm the decision of 

answering the question.  
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Figure-32: strongest/weakest perturbation strength across math-gifted in 

fronto-parietal region 

Controls don’t show a specific perturbation pattern in general. It’s random across the 

group. Subject- 1 and subject-3 show identical perturbation pattern across all the 

models. Both the subjects have most positive strength. Subject-17 has least perturbation 

strength (-0.1837 Hz). Subject-25 showed the strongest perturbation (0.387 Hz). The 

weakest connections are depicted by subject-26 with 11 negative perturbations. Model-

1, 2 and 3 seems to have the most consistent positive strength across the group. 

Connection AC-LDL in model-4 and 6 is consistently negative across the group.  
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Figure-33: strongest/weakest perturbation strength across controls in 

fronto-parietal region 

MG show high flow of information towards AC. Three controls subjects (25, 20, and 14) 

show connection from AC. AC is used for emotion, decision making and error correction.    

Math gifted show high perturbations from LDL, RDL, LPM, and RPM towards AC. The  
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CHAPTER V 

CONCLUSIONS  

 

This chapter summarizes the main findings of this research. It also provides conclusion 

for the thesis and applications of thesis in future.  

The main goal of this thesis was to study the neural network of activated brain regions of 

math gifted children while performing mental rotation task. The neural networks of MG’s 

were compared with controls to observe the difference in a normal brain and MG brain.  

It was observed that MG use strong right hemispheric regions for performing advanced 

mathematical calculations. The strength of connections was stronger in left hemisphere 

than right hemisphere. The activation level in brain was higher across right hemisphere 

for MG’s. Perturbation strength is stronger from RDL outwards in right hemisphere. In 

left hemisphere, the connection LDL-LPM showed strongest strength of condition effect 

across MG. Controls used similar network across right and left hemisphere. But the 

connection strength and perturbation strength was weaker compared to MG’s.  

To discuss the issues across this research, the primary problem with this research was 

setting an appropriate threshold. Activation within the brain varies across individual 

across both the groups. If we were to keep a constant threshold across both the group, 

the main problem is that activation in one part of brain in an individual may not be 

activated in same part of brain in other individual. This doesn’t help to keep consistency 

across the analysis. For example; subject-5 (MG) had threshold at 0.01 while subject-19 

(MG) had threshold set at 0.0000001. If we keep the threshold for subject-5 at 

0.0000001, it would lower the activation level in the brain and would not activate the 
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desired brain region which we require for analysis. Hence, we had to vary the threshold 

across the groups to look for cluster activate along the desired region.   

SPM has a tendency to skip the VOI if it is inactivated. For example, we chose the VOI (-

48 12 27) at p=0.0001. For some reason, if we change the threshold to 0.000001, the 

VOI would not show activation. Due to this, SPM will skip the VOI because it is not 

activated. To prevent this, we vary the threshold and try to increase the activation level 

to the point where we can avoid to skip this voxel. Skipping the voxel is in a way 

understandable because it wouldn’t let the user select a voxel which is inactivated. But 

that doesn’t mean that the inactivated VOI is not on the underlying brain network. It is 

possible that certain VOI is inactivated but does belong to the neural network connection 

in the regions. Across fronto-parietal model, MG individual showed highly engaged 

connection from Anterior Cingulate towards Dorsolateral and Premotor. This is a vital 

finding, which does show that AC is primarily used for error recognition and focused 

problem solving. It is the center for intelligent behavior. Interpreting words and 

handedness is highly processed by the left hemisphere.  

This research opens for deeper study in brain networks. Various other brain models can 

be designed to study the eye tracking method of how MG’s look at the paradigm and 

solve the MR task. Also, which brain areas are stronger to scan across the task and 

interpret quicker. To avoid problems with skipping the voxels, a strong programming 

knowledge would be required. This will help to understand how we can forcibly place the 

desired voxel on the selected region with no activation level. Clear understanding of 

threshold, contrast and pre processing is necessary for any neural network study. Pre 

processing is one of the vital steps in this research. The user needs to be 

knowledgeable about which step in pre processing to perform. If there is any head 

motion/movement in scanner, the performance of slice-timing correction is important. A 
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standard flowchart of pre processing must be created to prepare data for analysis. Also, 

other platforms like Freesurfer. FSL can be used to enhance the visual interpretation of 

the data.      
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